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Abstract
The work we are reporting here is part of a larger research project to explore the question, “how do we know if we are actually 
accelerating discovery?”This research is motivated by recent shifts in the availability of open data sources, cloud computing 
infrastructures, and new algorithms that allow examination of combinations of heterogeneous data sources.Our approach is to 
examine the social dimensions versus the compute and technological dimensions of data-driven discovery work to explore where 
co-creation occurs within heterogeneous, interdisciplinary teams. In this paper, we discuss the method and findings of the first 
exploratory phase of our investigation to identify conversational themes and their evolution across time as a component to 
determiningco-creative aspects of data-driven discovery.
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1. Introduction
“Big data” continues to be a popular topic in both the scientific and business arenas, capturing our imaginations 
with the possibilities: what it is, how it could be used, the impact it might have on individual and institutional 
decision-making and management. The combination of a rapidly growing corpus of digital data coupled with the 
powerful computational capabilities enabled by new analytics from fields such as machine learning, computer 
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science, and statistics is opening up new areas of application. One exciting new application area is data-driven 
discovery – using data and analytics to accelerate the pace of scientific or business discovery. That is,using data and 
analytic capabilities to hasten the identification of previously unseen and unknown relationships within or across 
data sources.
Just as the potential is high in these data-driven discovery projects, there are also some significant issues to 
address across multiple fronts:  technical challenges (e.g., significant data movement and transformation), social 
challenges (e.g., communications across disciplinary and organizational boundaries, diverse roles and learning), and 
unforeseen tasks to be performed in addition to the actual scoped data-driven work[1, 2].And, although 
computational power and analytical capabilities are essential to data-driven discovery, we believe that the act of
data-driven discovery is as much a social activity as it is a technologicalactivity. Thus, building an understanding of 
the social dimensions of this kind of work is as important as the development of data and computational 
technologies. We find that the multi-disciplinary and cross-organizational collaboration required by data-driven 
discovery projects makes co-creation a natural focus in examining the social dimension.
The work we are reporting here is done in the context of the IBM Research Accelerated Discovery Lab [3], and is 
part of a larger research project. Thisresearch is motivated by recent shifts in the availability of open data sources, 
cloud computing infrastructures, and algorithmic developments to examine heterogeneous data sources that are used 
in combination with one another. Our ultimate goal is to identify metrics that allow us to measure the pace of data-
driven discovery through actions and activities of the participants who are performing the work; with the assumption 
that once we’re able to measure the pace, we can improve data-driven discoverywork practices.As an initial step, we 
discussed three themes that emerged from an analysis to gain insight into the information sharing practices of 
heterogeneous, interdisciplinary teams [2]. This gave us insight into team dependence upon semi-structured, 
descriptive materials to communicate ideas across a broad range of expertise and the need to establish a shared 
vocabulary and a common work context. It also spurred us to question if we could see project progress over time 
through conversation, and to explore where co-creation occurs within data-driven discovery teams.In this paper, we 
discuss the method and findings of the first exploratory phase of our investigation to identify conversational themes 
and their evolution across time as a component to determiningco-creative aspects of data-driven discovery.
2. Background
Let’s start with ‘what is discovery?’In our context, discovery is “the gaining of new insight or understanding,…, 
where the analysis of data plays a central role.” [3, p.1].Discovery occurs in a complex interplay between people, 
technologies, place, and time[4]. It is our desire to learn more about the combination of these elements to improve 
processes that support data-driven discovery activities. This is to better enable and enhance the practices of the 
individuals and teams doing the work. However, before we can determine how to capture and measure the
occurrence of data-driven discovery, we must first understand how to recognize that it is taking place.
2.1. Examining discovery
There is a long history of examining the pace of discovery and innovation in the fields of Science and 
Technology Studies and Information Science. Research to understand the nature of scientific discovery has 
traditionally focused on the examination of scientific publications [5]. Metrics such as citation counts, network 
connections, and degrees of separation of coauthors have aided in identifying if and/or when a scientific discovery 
was made[6]. With the advent of digital records and computational resources, the physical, informational, 
interactional, and process properties of discovery and innovationcan be examined in shortened timeframes [5,4]. To 
a similar end as ours,[7]have performed investigations into the temporal evolution of community structures 
composed of co-author networks and direct citation networks within a research specialty. In doing so, their objective 
is to integrate network analysis with ethnographic field studies to investigate data sharing and collaborative 
practices. The notion of using digital records and computation resources toshorten the timeframe of examining a 
phenomenoncould also be applied to detect incremental or evolving advances in scientific activity or to the 
emerging field of data-driven discovery.
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It is our observation that data-driven discovery teams are composed of a heterogeneous mix of 
expertise[2].Therefore, relevant to our work is research performed to examine the complex interactions of teams 
composed of people with diverse backgrounds such as that performed by [8,9]. They have found that strong 
networks, gauged by information and idea flow within and outside of a team, are a key factor in increasing
performance and innovation. Core to their investigations have been statistical analysis and social network analysis, 
respectively, from which a degree of information sharing and idea flow is inferred.In addition, the examination of 
distributed cognition is influential to our research as a framework to investigate and analyze collaborative 
innovation and creativity [10]. In this paper, we discuss how we are using semantic content analysis to help create a 
holistic view of project stakeholder interaction in order to gauge project progress, identify co-creative activities, and 
identify barriers or accelerators to the work.
2.2. Stakeholder co-creation
Our research is being performed within the IBM Research Accelerated Discovery Lab(herein referred to as 
“Lab”). The Lab is a collaboration and technology environment that supports heterogeneous teams composed of 
research scientists, software engineers, and clients who are working on projects that are data-centric [3]. More 
specifically, the Lab affords a team composed of individuals with diverse work practices, skills, and disciplinary 
backgrounds a physical and virtual space to work on data-driven challenges.For example, the water cost index 
project focused on developing a benchmark for water production costs in individual geographic areas. As a part of 
the Lab, a computing environment, data sets, equipment, technologies, space, and expertise are available for 
collaborative project work. Stakeholders of the data-driven project grossly filter into three categories. The Client 
categoryis defined as IBM customers who are considered to be consumers of the project results. Partner consists of 
IBM employees who are consuming compute infrastructure, software, analytical tools, and data (essentially 
researcher scientists and software engineers, but also employees who perform other staff and management roles). 
Makers are the IBM employees charged with designing, building, and enabling the physical and virtual compute 
systems, software technologies, and workspaces as services provided to the Partners and Clients.
For projects that are a part of the Lab, the Client team typically brings critical expertise about a business and/or 
scientific challenge; the Partner team brings technical expertise about a potential analytical solution, and the Maker 
team brings the technological infrastructure and services to perform the data-driven work. In essence, each party is 
leveraging the knowledge and expertise of the other party to co-produce a solution [2]. These projects use data-
driven analytics to support and hasten traditionally laboratory-, theory- or hypothesis-driven investigation.The 
combination of data-driven analytics and field expertise affords a faster pace towards solutions than has been 
possible with traditional experimentation alone, which is one way of accelerating discovery[3].
As such, a co-creative relationship is established to improve both the delivery of the data-driven services and the 
ways in which they can be used through standard offerings or customized services. This relationship affords 
visibility into the co-creation round-trip between provider and consumer with the intention of identifying and 
implementing improvements (into the Lab by the Makers) based on close association and direct support of the 
Partner and Client project team. This cycle is usually collaborative and iterative with stakeholders engaged in both 
independent and intersecting activities over time.The co-creative relationship between the provider and consumer of 
services is of particular interest to us, especially in areas of emergent technologies and the delivery of new 
services.One aspect to ourapproach is to examine digital trace data to explore the involvement, interaction, and 
practice(s) of data-driven discovery that can be used as indicators to identify co-creation, measure progress, and 
propose intervention.What follows is the method and findings of an early exploratory investigation to determine if 
we could see project progress through conversation. 
3. Method
The literature indicates that involvement, interaction, and information flow are key to scientific discovery and 
innovation; we want to know if they are also indicative of data-driven discovery work.  And if they are indicative, 
we also want to know whether or not we cancapture the ‘doing’ of discovery in near real-time instead of in 
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hindsight. Therefore as a starting point, we decided to focus on the use of digitally available data that might serve as 
a proxy to understanding involvement and interaction. The question we set out to answer in this phase of our 
research was,“what are the common conversational topics amongst stakeholders and can these topics be mapped to 
project progress to assist in understandingthe co-creative aspects of the work and the pace of discovery?”We started 
with a single project proof-of-concept to determine if we could identify patterns of activity that could be indicative 
of data-driven discovery progress. In this exploratory phase we were looking for evidence of gross elements like 
milestones, events, or stakeholder participation that point to co-creation between our three stakeholder groups. We 
used metadata and content from 686 emails that covered a 26 month period. The Maker and Partner project 
members provided us the email, with the Client also represented in this corpus of data.
Our approach with both the data and tools was to keep the analysis as simple as possible – usingdigital trace data 
that was easily obtained and representative of one aspect of interaction along with tools that would be available to a 
wide range of people. We used Microsoft Excel to code the email metadata and produce diagramsto gain a sense of 
which stakeholders were represented in the data and Leximancerfor the content analysis based on the text in the 
body of the emails. (Leximancer is a text mining software tool commonly used in the social sciences to uncover 
patterns of themes and concepts using natural language algorithms. The algorithmsidentify conceptsextracted from 
the data. The concepts are then grouped into themes based on a common element or networked connection.) Each 
email record was treated as one autonomous and equal data record. 
The raw metadata contained 10 fields from which four were identified as useful for our analyses: ‘To’, ‘From’, 
‘Date’, and ‘Subject’. The metadata was then coded and supplemented with categories for ‘Role’. In our case, there 
were 11 role categories that were defined using the sender of the email (who the email was ‘From’) and based on the 
sender’s job title, position, responsibility, and/or relationship to the Lab. (The 11 roles were client, client proxy, 
partner management, maker management, partner staff, maker staff, provider executive, business development, 
provider general staff, object, and unknown.) Most of the data was attributed to partner management, maker 
management, partner staff, and maker staff (Fig. 1. (a)). The data was also grouped into one of four project phases of 
Assess, On-board, Execute, and Depart. These phases were derived from the creation of a service experience map of 
the Lab’s functional connections to Partner and Client actions [2].Phase determinationwas based on project start and 
end dates and contracted milestones (Fig. 1. (b)).
4. Results
Two sets of findings are presented in the following that provide insight into (a) a primary analysis using all of the 
data and (b) a secondary analysis of the data based on project phase. This two-step approach was used to help us 
first identify common themes across the data set and then further ascertain co-creative (or co-destructive) aspects 
and stakeholder involvement over the life of the project.(The following points are offered to aid understanding of the 
figures below. The colors of the large bubbles reflect temperature, as in a heat map, with red being the most strong 
or intense theme based on discussion topics found in the text through natural language processing algorithms, 
Fig. 1.(a) Email messages by role;(b)Email distribution by month and phase.
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Fig. 2. General themes (26 months of email). The strongest themes are ‘table’ and ‘document’.
followed by orange, yellow, green, blue, indigo, and violet as the least strong theme. The bubbles are also labelled 
with their theme. The smaller grey nodes and connections (the spanning tree) represent minor concepts and their 
relationship to each other and the themes. The red labels represent a role cohort from whom the data is associated.)
4.1. General themes
Our first analysis to investigate conversational themes was performed on the content of the full email corpus.  
This was done to get a general idea of the most constant conversational topics being discussed within the project 
stakeholder community. We found two generalstrongthemes of ‘table’ and ‘document’that emerged from the data 
(Fig. 2). The ‘table’ theme focused on preparing and using the project data. The second theme of ‘document’
included the concepts of ‘design’ and ‘updated’ that are related to the harvesting of unstructured data from source 
documents (versus accessing structured data from a database). When we examine the data by phase, we see 
‘document’ as a concept within the ‘table’ theme. (We discuss the ‘table’ theme in more detail in the Execute Phase 
section of the paper.)In addition, there are less strong themes that represent people and company entities, plus 
additional elements that structure and influence the work. We were interested to see if further examination of the 
email content would elucidateconcepts that might further clarifythe two general themes. In particular, indications of 
analytical challenges (e.g., data or algorithmic techniques), social challenges (e.g., learning or understanding),
and/or unforeseen tasks that might be a barrier to accomplishing the intended work (e.g., soliciting additional 
expertise).
4.2. Project phase themes
For a more granular analysis, the emails were subdividedinto four data groups by datethat represented the four 
project phases of assess, on-board, execute, and depart. Recall that the project phases for subdivision of the email
data were determined using actual project start, end, and milestone dates. 
4.2.1. Assessphase
The Assess phase is the primary business development and negotiation phase of the project. This is where the 
project scope is created, expected expertise is identified, and the compute/technical infrastructure is determined. As 
such, we would expect to find themes such as contracts, milestones, skills, and technologies emerging from the data. 
In the analysis for the Assess phase (Fig.3(a)), there are three strong themes that emerged from the emails. Each of 
these themes of ‘data’, ‘discussion’, and ‘questions’ could be associated with the scope of the project. Concepts that 
generated the ‘data’ theme included data sources and descriptive words about the data itself.The other two strong 
themes of ‘questions’and‘discussion’reflect the process of building understanding across the projectteam about 
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relevantdata that is important to the project. Interaction can be seen between the representatives of the client and 
provider companies through the four less strong themes of business development representative,client company, 
provider company, and partner management. Each of these themes relate to the people and company entities of the 
project.In addition, the red ‘Partner Management’ label indicates the discussion originates primarily from email sent 
by this particular cohort.
4.2.2. On-boarding phase
The on-boarding phase occurs once the project has been negotiated and project stakeholders are setting up and/or 
accessing the technological and data systems required to perform the data-driven discovery work. During this phase, 
we would expect to find themes such as systems, technology, data, or expertise emerge from the data. The project 
stakeholdersare moving to a more focused discussion about the details of the project to fulfill the scope.Fig.3(b)
shows the project work focused most intently on the ‘research cloud’ theme as the stakeholders progressed into 
using the computing environment. There is still a focus on ‘data’(again, a strong theme), that reflected continued 
dialogue bythe team to better understand the data sources to be used in the project. We also see ‘Maker Staff’as a 
theme. Given their project role, this would indicate focused conversation about the systems infrastructure and 
technology.A less strong, but important finding for our work, is the emergence of the ‘attached’ theme. The 
concepts within this theme focused on the activity of information exchange as an important element to the project. 
Lastly, there is also greater representation across the cohorts as evidenced by eight of the eleven stakeholder roles 
contributing to the conversation.
4.2.3. Execute phase
The Execute phase, as illustrated in Fig. 1(b), is the longest phase and also the phase in which the bulk of the 
data-driven discovery work is performed. We would expect to see themes such as data, output, results, algorithm, or 
reporting during this phase, illustrating what might be common aspects of data-driven discovery work. The analysis 
of the Execute phase data (Fig. 4(a)) shows a shift from what was found in the Assess and On-board phases. 
Immediately noticeable is the increase in the network of minor concepts, especially within the stronger themes of 
‘table’ and ‘use’.The “table” theme includes minor concepts that describe the preparation of the data to then be used 
for analysis. Concepts that were evident include terms such as document, extract, header, column, row, modules, 
cells, and code. The other strong theme was ‘use’ that represents the emerging structure of the full stakeholder team. 
In this phase, the ‘Partner Staff’ cohort appears to be a primary contributor to the conversation and to a lesser extent 
the other stakeholder cohorts (as illustrated in the periphery of Fig. 4(a)).
4.2.4. Depart phase
Last, but not least, is the Depart phase of the project. This is the time in a project when the bulk of the work has 
been completed and the team may be transitioning to other work. It is also the phase in which any technological or 
data assets that resulted from the project would be harvested for delivery to the client and/or implementation 
elsewhere in addition to the compute/technological systems being released for use by another project. During this 
Fig. 3.(a)Assess Phase: strongest themes are data, discussion, and questions; (b) On-board Phase: strongest themes are research cloud and data.
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Fig.4.(a) Execute Phase: strongest themes are table and use; (b) Depart Phase: strongest themes are information and services.
phase we might expect to see themes such as completed, release, report, or delivery. The Partner Staff and Partner 
Management cohorts are most obvious as the primary email contributors to the conversation, indicating their 
leadership to wrap-up the project (Fig. 4(b)). The strongest theme was ‘information’ and represents project 
management activity and closure of the contractual obligations of the project. These activities are evidenced by a 
cluster of concepts within the theme such as purposes, agreement, transaction, funds, and guarantee. ‘Services’ was 
also a strong theme and represents additional discussion about contractual obligations. 
5. Discussion
Based on our results, we were able to see changes in cohort participation and an evolution in themes through the 
four project phases. In general, cohort engagement mimicked the distribution of email over the phases (as illustrated 
in Fig. 1(b)). That is, as the phases progressed from Assess and On-board to Execute on the project, we also saw 
increased evidence of participation and interaction by all stakeholder cohorts. It was a little surprising that wedidn’t 
observe the conversational contribution of the Partner Staff during the initial Assess phase and final Depart phases. 
However, we did see them emerge as a leading contributor to the conversation in the On-board phase and more so in 
the Execute phase of the project. This was a little surprising because we would have expected them to be more 
central to the negotiation of the project scope (what could or could not be performed) and to the final harvesting of 
the technological and/or data assets produced by the project. It was also surprising to us that both Maker stakeholder 
cohorts (management and staff) did not show any observable activity in the data during the Assess and Depart 
phases. We expected to see Maker Stakeholder participation during the Assess phase related to the 
compute/technical infrastructure, given what would have been known about the project scope. Similarly, at the end 
of the project, we also expected to see their activity to reclaim the project compute systems (in order to reassign 
them to another project) during the Depart phase. This contrasts with the Partner Management cohort that shows 
activity in every phase. We were pleased to see representation of interaction by all the cohorts during the On-board 
and Execute phases. 
In addition to cohort involvement, we wanted to see if conversational themes led to the identification of co-
creative aspects of data-driven discovery. While we did not identify instances of data-driven discovery from this 
analysis, we were able to see a variety of interactions that are indicative of co-creative activity across the project
phases. It may be obvious to say that people working together is a prerequisite of co-creation. However, the activity 
of working together in a heterogeneous team is not necessarily easy. Regardless of the difficulty,building an 
understanding of those interactions on the pathway to discovery is important to understanding co-creation. Three of 
the four phases included the themes of ‘data’, ‘table’, ‘questions’, and ‘discussion’, suggesting a focus on working 
with the data and collaborationacross areas of expertise.We can see interaction across heterogeneous roles and 
between the representatives of the Client and Provider Companies in Fig. 3(a) through Fig. 4(b) by the cohort 
networked relationship to each of the themes. For instance, in the Execute phase the Partner Staff cohort is the only 
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obvious contributor in the conversation. This higher degree of contribution by a single cohort might be indicative of 
intense implementation work (in this project instance) but also indicates a lack of cross team communication and 
interaction. Another example is during the Depart phase, where there were fewer cohorts participating and the 
Partner Staff, Partner Management, and Client leading the discussions. This is most likely due to other stakeholder 
cohorts cycling off the project and the Partner and Client teams working to close on the contractual obligations.
Regrettably, the idea flow between individuals or cohorts,challenges, and unforeseen project tasks that we had 
hoped to seewere less evident in the themes and concepts. Although we were not able to see these elements through 
this analysis, we believe that a more granular time-scale analysis, supplemented with additional data from interviews 
and project artifacts, will reveal more detail.
6. Summary
Analysis of email from a data-driven discovery project provided the framework to explore the question: “what 
are the common conversational topics amongst (project) stakeholders; and can these topics be mapped to project 
progress to assist in understanding the co-creative aspects of the work and the pace of discovery?” From the email 
data, grouped by stakeholder cohort and project phase, we were able to see the appearance and disappearance of
stakeholder contribution over the project lifecycle. Additionally, themes and concepts of varying strength were 
evident. Data-centric topics were prevalent over multiple phases, while others such as infrastructure, sharing of 
information, and servicesoccurred at specific points in the project.The results lead us to believe that the examination 
of digital trace data to explore the co-creative aspects of data-driven discovery has merit.We also realize that email 
only partially represents the activity of a project team and that the examination of additional data sources in context 
with the email date is necessary to get a more holistic picture.We are continuing this promising direction of inquiry 
towards our ultimate goal of measuring the pace of data-driven discovery.
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